Users can easily obtain a massive amount of news stories related to an event. But, often the obtained stories are fragmented and can only reflect certain aspects of the event. Detecting the subevents automatically is important for users to understand the whole development process of the event. Motivated by the co-evolution between the event and the opinions about it, we firstly propose to adopt Micro Index and give a dynamic time window construction method based on the recognition of the peaks of the Micro Index Curve. Secondly, we propose a two-stage subevent detection method based on local clustering and classification. And finally, we introduce the news stories about "Luo Yixiao Event" and "Shandong Illegal Vaccines Event", which are two recent hot events, and use them to evaluate the proposed methods. It is found that the proposed methods are successful.
Introduction
Nowadays, many events are reported, discussed and forwarded on social platforms, such as network news media, microblog, WeChat, blog, and so on, which bring out big event data [15] . How to mine the useful information from these massive and fragmented big data has become a new research topic [3, 8] . Users can retrieve news stories about an event with the help of Internet tools, such as a Search Engine (SE), a Personalized Recommendation (PR) system, and so on. But these retrieved news stories could just show certain aspects of the event, not the whole development process, which makes users feel like "blind men touching an elephant". For users who want to know the complete process of an event [5] , SEs and PR systems are inadequate. Some techniques, such as Topic Detection and Tracking (TDT), can organize the stories according to the events with a two-layer structure, in which all the stories related to the same event will be clustered together. In other words, TDT is incapable of presenting the main subevents of an event, so it can't be used to construct the development process of an event.
In view of the limitations discussed above, we propose to carry out our works with the following motivations:
(1) Analyzing the event big data automatically and detecting the subevents of a certain event are very helpful for the users to see the big milestones of the event.
(2) In the era of Web2.0, many events are discussed by users on online social platforms, which bring out Internet PublicOpinion (IPO). There exists co-evolution between the event and its related IPO: a new subevent will bring a new IPO, whereas when an IPO rises to a certain extent, the event actors will take some actions (which are considered as subevents in this paper). So, we believe that the changing trend of an IPO can be useful to subevents detection, which is proven by our experimental results.
The main contributions of this paper are listed as follows:
(1) We propose to adopt the changing trend of IPO to help subevent detection, where the trend is indicated by SinaMicro Index (MI) (http://data.weibo.com/index). To the best of our knowledge, this is the first work to use MI in subevent detection.
(2) We develop a dynamic construction method for time window based on the recognition of the MI curve peaks. Based on such recognition, the lifecycle of an event can be divided into several time windows, which are further classified into two types: key time window and rest time window.
(3) We propose a two-stage subevent detection algorithm based on local clustering and classification, where the Singlepass cluster algorithm and K-Nearest Neighbor (KNN) classification algorithm are adopted, respectively.
(4) By collecting news stories about "Luo Yixiao Event" (Luo for short) and "Shandong Illegal Vaccines Event" (Vaccines for short), we carry out experiments to evaluate the proposed methods.
Background and problem statements

Background
We firstly present several definitions, which are important for us to describe our subevent detection methods.
(1) News Story: A news story is a news article delivering some information to users. In our work, a news story is about a subevent. It is assumed that each story describes a single (but unnecessarily unique) subevent.
(2) Event: An event is something that happens at some specific time, and often at some specific place. In this paper, we don't restrict the event to happen "at some specific place", because some events actually do not happen at any specific places. For example, Luo attracts the interests of WeChat users but can't be assigned a specific place. It contains several subevents during the life cycle of the event.
(3) Subevent: A subevent of an event is a measure or an action taken by the event actors (maybe a person or an organization). During the development of the event, involved actors or organizations will take some actions to influence the event. For example, within Luo, the subevent may be "Luoer publish "Luo Yixiao, stop"", "Shenzhen Children's Hospital announces the medical cost", and so on. Our objective is to detect these important subevents.
(4) MicroIndex: MicroIndex is a statistical index about a certain hot event, which is launched by the Sina micro-blog. MicroIndex can reflect the influence of the event. Sina micro-blog has become a leader in information dissemination due to its timely news releasing, convenient interaction, and high news spreading speed. According to a report (http://www.useit.com.cn/thread-14392-1-1.html), as of Oct. 2016, there are 297 million active users in the Sina Micro-blog. Therefore, we believe that Micro Index can sufficiently reflect the opinion trend of an event.
Problem Statement
The objective of this paper is to develop an automatic method that can detect the important subevents of an event, which can help users capture the main subevents and understand the whole process of the events.
Consider the event Luo. When we use "Luo Yixiao" as the keyword to search Baidu and Google, we will have the following search results: Baidu returns 19,900,000 results and Google returns 3,400,000 results. Faced with the massive number of results, users can only view a small number of the (top) results and know some fragments of this event. As a result, they are likely to have a hard time in understanding how the event got started, what is the process of the event, and what the results of the event are. In other words, they probably can't know the full development process of the event without help. Figure 1 presents the architecture of our research. The input is news stories, and the output is the subevents. There are two main tasks, which are time window construction and two-stage subevent detection, and they will be introduced in Section 4.1 and Section 4.4, respectively.
Related works
Subevent detection is related to TDT. As a research topic about the organization of information based on the events, TDT has been an active research topic for many years [12] . Many techniques have been proposed for TDT. In order to extract the topics appearing in microblogs, J.Li et al. [6] organized the posts into a tree based on replies and forwards. M. He et al. [4] adopted a momentum model to detect bursty topics. Y. Liang et al. [7] detected the microblog hot events based on the distribution of emotion. L. M. Zhang et al. [16] adopted emoticons to detect online bursty events. Q. M. Diaoet al. [2] combined temporal information and user relationships when detecting the microblog bursty topics, which resulted in a better performance.
TDT generally focuses on how to cluster or classify news stories into different events, where news stories are organized into a flat hierarchical structure. From such a structure, users are not able to get a clear picture about the process of the event. Subevent detection can be thought as a further work beyond TDT.
Our research is also related to event extraction, which is a task of both the Message Understanding Conference and the Automatic Content Extractionand Text Analysis Conference. Many methods have been developed to extract events and they can be divided into two types: machine learning-based methods and rule-based methods. For example, D. Y. Zhou et al. [18] proposed a Bayesian-based method to extract Twitter events. Y. B. Chen et al. [1] made use of a Convolution Neural Networks in event extraction. D. Y. Zhou et al. [19] explored a kind of probabilistic model in event extraction. U. Shyam et al. [13] regarded event extraction as a classification problem and used Support Vector Machine (SVM) to extract the events. A. V. Marco et al. [10] explored a rule-based method, and proposed a domain independent event extraction method. L. Sha et al. [11] used regular expressions when extracting the events. Z. Zhu et al. [20] carried out extracting research on bilingual corpus.
Our subevent detection is different from the event extraction. Event extraction aims at extracting events from a sentence or a phrase, which focuses on a change of an action or a state. Our subevent detection emphasizes the whole process of an event, with the goal to construct the global view of the event and to help users see the big milestones of the event.
Proposed Methods
Dynamic Time Window Construction based on MicroIndex
Why we need time window?
The idea of a time window is to divide the news stories being analyzed into different groups, the motivations of which are listed as follows:
(1) The performance would be unsatisfactory when applying the clustering algorithms directly to the big event data [9] . By constructing time window, big data will be divided into multiple groups with smaller sizes. We can carry out local clustering within each group, and at the same time, different time windows may employ different clustering algorithms and may be clustered in parallel, which would speed up the analysis greatly.
(2) By analyzing the contents of the news stories, we observed that later stories usually cite the contents reported in the earlier ones, which may cause problems for the clustering of the later stories. This is because they will have overlapping content, which results in higher similarity than the actual similarity and leads to wrong clustering. Constructing time windows and carrying out local clustering within each time window will reduce this kind of problem.
Construction method for the time window
The time windows are usually defined as a static time interval [14] , maybe one day or several hours, maybe a fixed number of news stories, and so on. Taking the co-evolution between the event and the online opinion into account, we propose a dynamic time window construction method based on the recognition of the peaks of the MicroIndex Curve (MIC). Table 2 shows the KTWs of Luo. Several issues needed to be addressed when constructing the time windows based on the MIC:
(1) The width of the time window cannot be pre-determined, because different subevents would have different durations.
(2) Our objective is to detect important subevents, so we need to get the time windows with significant peaks, not all the peaks.
(3) The peak threshold should be adjusted according to the change trend of the MIC. Smoother curves should have a lower threshold. But, when the curve fluctuation is relatively large, or the duration of the event is long, the threshold should be higher so the system can effectively find the important subevents.
Therefore, we propose to detect the curve peaks based on the signal detection algorithm z-score ( − = ( − ̅ )⁄ , where ̅ is the mean of ̅ , is the standard deviation), and then construct the time windows based on these detected peaks. Algorithm 1 shows the process. In the algorithm, we use lag to define the window size for comparison, and adopt the impact factor influence, which can help adjust the influence of the new value to the mean and variance. threshold is used to adjust the value of the z-score. Lines 1-4 perform the initialization. Lines 5-21 traverse all the subsequent micro index values and compute the z-score in turn. The time windows with the value 1 are the windows we are interested in. 
News Story Model
We use the Vector Space Model (VSM) to represent the stories and the model consists of two parts: story content based VSM (C-VSM) and Named Entity based VSM (NE-VSM). Pre-processing is adopted before creating the content based VSM. Firstly, we use NLPIR (http://ictclas.nlpir.org/) for Chinese word segment and part of speech tagging, and we keep only the nouns, verbs, gerunds and adjectives. Secondly, stop words are removed.
News stories have two important characteristics. On one hand, story structure is like an inverted pyramid, where the important contents usually appear early in a story. Thus, when we select the features for the VSM, we only use the words in the first ε portion of a story. In our experiments, ε =1/3. On the other hand, the story title usually expresses the main topic of the story, which motivates us to increase the weight of the features appearing in the title. Accordingly, we use the following Equation (1) to compute the weights of the features:
Where is the weight of the feature in the story , ( ) is the word frequency of in the title of , ( ) is the word frequency of in the content of ， is an adjustable parameter, is the number of the stories in the data set, and is the number of stories that contain .
There are usually some Named Entities (NE) in the news story, which may be the names of the event actors or the names of the related organizations. It is assumed that these NEs will be helpful to the accurate similarity computation between the news stories. So, we firstly use NLPIR to recognize NEs within the news stories and then create the NE-VSM, where the recognized NEs are the features and their word frequencies are used to compute their weights.
Similarity Computation Method
Once we get the story's C-VSM and NE-VSM, we use the following Equation (2) to compute the similarity (Sim (di, dj) ) between two stories ( and ): (3)
Where and are the C-VSM of and , respectively; E i and E j are the NE-VSM of and , respectively;
( , ) is the Cosine similarity computed by Equation (3); is the weight computed by Equation (1); ( , )is the Jaccard similarity computed by Equation (4); and are named entity sets from and , respectively;
( , ) is computed by Equation (5), where ( ) is the publish time of , T is the duration of the event. , β, γ are adjustable parameters.
Two-stageSubevent Detection based on local clustering and KNN
We propose a two-phase subevent detection algorithm based on local clustering and classification, which is shown in Algorithm 2. Lines 3-6 cluster the news stories within (1 ≤ ≤ ) based on the Single-Pass method [17] , where formula (1) is adopted to compute similarity and the threshold is Th1. Sub may include one or more subevents. Similarly, lines 7-10 cluster the news stories within (1 ≤ ≤ ), which will return a temp subevent set R. Lines 11-19 merge the subevents in R to SubEv based on the idea of KNN (K=1). When merging, if MaxSim is not larger than Th2, will be regarded as redundant and will be discarded. The algorithm returns SubEv. = Single − pass( , ℎ 1 ); 5.
Algorithm2 Subevent detection based on local clustering and KNN
Add to ; 6. end for 7. for = 1 to do 8.
= Single − pass( , ℎ 1 ); 9.
Add to temp set ; 10. end for 11. for ∈ do 12.
for ∈ do 13.
Compute the similarity between and ; 14.
end for 15.
Suppose as the maximum similarity between and all the in ; 16.
if > ℎ 2 then 17.
Add to which achieves the maximum similarity; 18.
end if 19. end for 20. return ;
Experimental Results and Analysis
Corpus and Evaluation Method
The news stories related to Luo and Vaccines are collected by automatic crawling. We collect a total of 10,307 news stories. After filtering, we finally keep 2,984 stories for Luo (from 2016.11.25 to 12.25) and 5,616 stories for Vaccines (from 2016.3.15 to 5.1). The content, URL, title and publication time of each story are extracted.
After the data are collected, the subevents of these two events are manually identified by two people. As an example, Table 1 (in Section 2.2) shows the subevents of Luo. F-Measure is adopted to evaluate the proposed methods.
Experimental Results of Time Window Construction
Taking Luo as an example, we first give the time window construction results. To make it easier to see the changes, we carry out a logarithmic transformation (provided by Python) to the original values in the original MIC of Luo, which results in the curve showed in Figure 2(a) , from which we can see the change trend more clearly, and we mark all the peaks that satisfy yx-1<yx< yx+1, where y is the logarithmic value, and x is the date. In order to detect the important subevents, we modify the restrictions from yx-1<yx< yx+1 to yx-yx-1>θ and yx-yx+1>θ, where θ is a pre-defined threshold and is set to 0.5 in our experiments. Then, we get Figure 2 The curve showed in Figure 2 (b) is converted to Figure 3 (a) based on Algorithm 1. Continuous intervals with the value of 1 are the KTWs. Figure 3(b) is the timeline of the news stories from the original collected corpus, where the x axis represents the story publication time, and the y axis represents the user's attention to the stories (i.e., number of news articles). From Figure 3 (a) and (b), we can see that there is a good match between the recognized KTWs and the user's attentions. This shows that our proposed dynamic construction algorithm for time windows based on Micro Index is effective. 
Experimental Results of Subevent Detection
We first carry out three groups of experiments to test the performance of our proposed subevent detection method; the results are reported in Table 3 and Table 4 . The parameter settings are: α=0.8, β=0.1, γ=0.1, ω=5, Th1=0.3, Th2=0.45. DWC represents our proposed method, where the subevent detection is based on the dynamic construction of the time windows. BC represents the subevent detection based on the basic Single-Pass clustering where no time window is constructed. SWC represents the subevent detection based on the static time window. From the results, we can see that DWC gets the best F-measure and significantly outperforms the two baselines. Both the F-measures of DWC and SWC are higher than that of BC, which means that creating time window is useful to subevent detection. This is because the time windows (dynamic or static) can allow the local clustering, which can reduce the influence of the content overlap between the subsequent stories and the previous stories. From the comparison between the F-measure of DWC and that of SWC, we can see that dynamic time windows outperform static time windows, which shows that the coevolution is helpful for subevent detection and making the best use of users' attention trend can be effective in constructing more accurate time windows. Table 5 shows the subevent detection results, where Clusters are cluster numbers returned by our method, Subevents are the subevents manually annotated, and Feature Wordsare the top features. Figure 4 provides a visualization of the results by Inter-topic Distance Map, where each circle represents a detected subevent, the size of the circle indicates the number of the news stories about this subevent, and the distance between two circles represents the difference between the two subevents. From the visualization, we can see that Cluster 3 and Cluster 8 are very similar. From Table 1 , we know that Cluster 8 (corresponding to e3) is about "Liu Xiafeng responds to the payment, and would like to set up the aid fund" and Cluster 3 (Corresponding to e5) is about "Luo Er responds to the doubt and explains the cost and the house". The contents of these two subevents are very similar, but our subevent detection method can distinguish them successfully, which verifies that our two-stage subevent detection method is very effective. 
Conclusions
Detecting subevents automatically from the big event data is helpful for users to understand the full development process of events. In order to detect the subevents of an event quickly and effectively, in this paper, we firstly introduced utilizing MicroIndex and proposed a dynamic construction method for the time windows based on the detection of the peaks on the MIC. Secondly, we proposed a two-stage subevent detection method based on local clustering (within time window) and classification. Finally, we collected the news stories about Luo and Vaccines, which are two recent hot events, and used these data as the evaluation corpus. Experimental results showed that the proposed methods are highly effective in subevent detection. 
